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Abstract


Driven by the rapid advancement of Unmanned Aerial Vehicle (UAV) technology, the field of UAV object tracking has witnessed significant progress. This study introduces an innovative single-stream UAV tracking architecture, dubbed NT-Track, which is dedicated to enhancing the efficiency and accuracy of real-time tracking tasks. Addressing the shortcomings of existing tracking systems in capturing temporal relationships between consecutive frames, NT-Track meticulously analyzes the positional changes in targets across frames and leverages the similarity of the surrounding areas to extract feature information. Furthermore, our method integrates spatial and temporal information seamlessly into a unified framework through the introduction of a temporal feature fusion technique, thereby bolstering the overall performance of the model. NT-Track also incorporates a spatial neighborhood feature extraction module, which focuses on identifying and extracting features within the neighborhood of the target in each frame, ensuring continuous focus on the target during inter-frame processing. By employing an improved Transformer backbone network, our approach effectively integrates spatio-temporal information, enhancing the accuracy and robustness of tracking. Our experimental results on several challenging benchmark datasets demonstrate that NT-Track surpasses existing lightweight and deep learning trackers in terms of precision and success rate. It is noteworthy that, on the VisDrone2018 benchmark, NT-Track achieved a precision rate of 90% for the first time, an accomplishment that not only showcases its exceptional performance in complex environments, but also confirms its potential and effectiveness in practical applications.
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1. Introduction


The rapid advancement of Unmanned Aerial Vehicle (UAV) technology is propelling significant progress in the field of UAV-based object tracking. Across a variety of application scenarios, including motion object analysis [1], geographical surveying [2], and search-and-rescue operations, UAVs offer a unique aerial perspective and operational capabilities, greatly expanding their scope of application in industries such as surveillance, agriculture, and disaster management. In conventional object tracking scenarios, data acquisition typically relies on cameras installed at fixed locations or with limited movement ranges. Traditional tracking algorithms, such as KCF [3], MOSSE [4], SiamFC [5], and SiamRPN [6], primarily deal with relatively stable changes in viewpoints and target motion, performing well in handling slow target movements and slight viewpoint variations, and benefiting from the fixed camera positions by utilizing background modeling techniques to enhance tracking accuracy. In contrast, UAV platforms, due to their unique motion characteristics, face a unique set of challenges, including extreme viewpoints, motion blur, and severe occlusions, which are starkly different from those encountered in traditional visual tracking tasks and can significantly degrade tracking accuracy. For instance, STRCF [7] and BACF [8] often experience tracking drift when dealing with UAV videos, as their template update strategies struggle to adapt to rapid appearance changes. Although SiamRPN++ [9] and TransT [10] possess robust feature extraction capabilities, their complex network architectures are challenging to run in real time on the limited computational resources of UAVs. In tracking scenarios involving other mobile platforms, such as robots or vehicle-mounted systems, while platform motion issues also exist, their movement patterns are relatively regular and primarily confined to a planar space [11]. In contrast, UAVs exhibit a higher degree of freedom in three-dimensional motion, leading to more complex changes in viewpoint and motion patterns. Furthermore, unlike ground-based mobile platforms that can utilize larger computational units, UAVs are constrained by limited battery capacity and computational resources, necessitating the realization of real-time tracking under these constraints [12,13]. This demands that UAV trackers not only maintain high precision but also achieve high efficiency under their low-power consumption limitations.



The Transformer model has gained prominence for its superior self-attention mechanism and parallel computing capabilities, making it an ideal choice for processing sequential data. Following its success in natural language processing, researchers are actively exploring the potential of applying Transformer models to the field of computer vision [14]. Since the debut of the Vision Transformer, this model has demonstrated formidable potential in areas such as image classification, object detection, and semantic segmentation, and has further expanded to temporal understanding tasks like action recognition, object tracking, and scene flow estimation [10]. Compared to ViT trackers, CNN-based trackers, while capable of achieving high precision, often fail to meet the efficiency demands of UAVs. Moreover, the success of methods based on ViT, such as OSTrack [15], SimTrack [16], Mixformer [17], and DropMAE [18], has proven the advantages of deep learning in feature extraction and fusion.



Due to the strong flexibility and convenience [19] of Unmanned Aerial Vehicles (UAVs), coupled with a significant reduction in cost [20], object tracking from UAV perspectives has garnered the interest of numerous researchers [21,22]. However, existing tracking frameworks exhibit deficiencies in effectively harnessing the inherent spatio-temporal relationships within consecutive frames [23,24]. Despite the availability of abundant temporal information during the tracking process, most trackers still employ standard Convolutional Neural Network (CNN) architectures to independently extract static image features from each frame, failing to fully capitalize on the rich inter-frame temporal relationships embedded in video sequences [6,9]. This approach struggles to adapt to changes in target appearance, scale, and orientation, particularly under scenarios of rapid movement, occlusion, or severe deformation, thereby becoming a bottleneck for tracking accuracy. For instance, Zhang et al. [25] proposed a method for fast visual tracking through dense spatio-temporal context learning. However, in terms of the depth and refinement of feature extraction, this approach may not match the capabilities of Transformer-based methods. The latter leverage more complex network architectures and spatial neighborhood feature extraction to more effectively capture subtle changes in targets, especially in high-dynamic and complex background UAV tracking tasks. In recent years, Huang et al. introduced the Siamsta [26], which incorporates spatio-temporal attention mechanisms into UAV tracking, offering a novel perspective for the development of tracking algorithms. Compared to NT-Track, Siamsta may lack depth and flexibility in feature fusion and attention allocation, which becomes particularly evident when dealing with targets in high-dynamic and complex backgrounds. The TRAT method [27], by integrating an attention mechanism, enhances the capture of the spatio-temporal features of targets in video sequences. However, TRAT focuses more on directly extracting spatio-temporal features through the attention mechanism, and may not fully explore deep semantic information in its feature fusion strategy, affecting the model’s robustness in scenarios of target appearance changes and occlusions. Cui et al.’s Sttracker method [28] demonstrates innovation in the field of 3D single-object tracking through the integration of spatio-temporal information. However, when translated to 2D tracking scenarios, this method may face issues of dimensionality reduction and information loss, impacting its generalizability in complex environments. To address these limitations, there is a growing demand for UAV tracking frameworks capable of leveraging temporal information to extract more robust and informative features.



In this study, we exploit the inherent temporal consistency and dynamic characteristics between consecutive frames in video sequences to enhance feature extraction in UAV tracking. Specifically, by integrating temporal information into the tracking process, we enable the tracker to adaptively capture and leverage the target’s motion patterns and appearance changes, thereby improving tracking accuracy under challenging conditions. Moreover, most UAV tracking methods tend to adopt a single-stream framework where the features of each patch or Region of Interest (ROI) are extracted in isolation. By taking into account the temporal context of neighboring patches and amalgamating this information, the tracker can better capture spatial correlations and contextual cues, leading to more reliable tracking outcomes in cluttered environments or when handling occlusions. This approach not only enriches the feature representation with temporal dynamics, but also fortifies the tracker’s resilience against the complexities of real-world tracking scenarios.



Through extensive experimentation and evaluation, we demonstrate the effectiveness and robustness of our proposed framework across a variety of real-world scenarios. As shown in Figure 1, by effectively leveraging temporal information and incorporating spatial context, our method achieves state-of-the-art precision of 0.900 on VisDrone2018 [29] while maintaining high efficiency with a speed of approximately 112 frames per second (FPS). We believe that our research advances the cutting-edge technology in UAV tracking and establishes a foundation for future developments in this pivotal field. Our primary contribution can be summarized as follows:




	
We propose a novel method that analyzes the positional changes in targets across consecutive frames and leverages the similarity of the surrounding areas to extract features. This approach, which emphasizes the importance of neighborhood information for effective feature extraction based on the similarity of the environment around the target in adjacent frames, has not been widely adopted in the field of UAV tracking to our knowledge.



	
We introduce a temporal feature fusion method that enhances model performance by utilizing the temporal context information from consecutive frames. This provides the model with an additional temporal dimension, which aids in maintaining the accuracy and robustness of tracking in complex scenarios such as occlusions and changes in lighting.



	
We propose a unified single-stream architecture, named NT-Track, that seamlessly integrates spatial and temporal information for UAV tracking. This architecture has set new records on multiple challenging benchmarks.









2. Related Work


2.1. Visual Tracking


Based on different representation schemes, object tracking methods can generally be divided into two categories: generative and discriminative. Among modern discriminative trackers, the most representative ones are primarily Discriminative Correlation Filters (DCFs) and Deep Convolutional Neural Networks (CNNs). DCF-based trackers are known for their efficiency due to Fourier domain operations. However, their robustness under challenging conditions is often compromised by the limited representational power of handcrafted features [12,30,31]. Researchers have proposed lightweight CNN trackers that reduce the parameter count through techniques such as filter pruning, exemplified by SiamFC++ [32], aiming to strike a balance between accuracy and efficiency. Building on this, TCTrack [11] integrates the strengths of both CNNs and Transformers. Although TCTrack has achieved a certain degree of success in terms of accuracy and efficiency, the ratio of its speed to the cost of temporal information usage is not ideal. In parallel, deep learning methods, particularly those utilizing a single-stream architecture with pre-trained Vision Transformer (ViT) backbones, have begun to demonstrate their effectiveness in the field of UAV tracking.



Vision Transformers (ViTs) are gaining attention for their potential to streamline and unify tracking frameworks. For example, the Siamese-style dual-branch network proposed by Xie et al. [33], the Mixed Attention Module (MAM) based on Transformers suggested by Cui et al. [17], and the single-stream tracking framework with an in-network candidate elimination module introduced by Ye et al. [15] represent this trend. While these ViT-based frameworks show promise in enhancing efficiency, their requirement for a large number of parameters restricts their use in real-time UAV tracking. To address these challenges, Aba-ViTrack [34] utilizes lightweight ViTs and incorporates an adaptive, background-aware token computation method to decrease inference time and improve tracking efficiency. This method dynamically adjusts the number of tokens, reducing the computational load based on the input image’s content, which increases operational speed while preserving tracking accuracy. However, the variable number of tokens also leads to additional time costs, mainly due to unstructured access operations. Li et al. [35]’s proposed method, AVTrack [35], enhances the robustness of UAV tracking through an adaptive and view-invariant visual transformer, but may face trade-offs between real-time performance and computational complexity in practical applications. In this study, our tracker effectively utilizes neighborhood information and temporal context during the tracking process to enhance discriminability and robustness.




2.2. Visual Object Tracking Based on Spatial Features


Many trackers have achieved strong performance by incorporating a backbone network with robust spatial feature extraction capabilities, often borrowed from detection or natural language processing (NLP) tasks. For instance, SiamFC [5] employed a Siamese network architecture, leveraging AlexNet [36] as its backbone to extract features from both the template and search regions, leading to impressive results in terms of speed and precision. Other trackers [10,37] have successfully utilized ResNet [38] as their backbone, yielding outstanding performance.



In recent years, the advent of transformer-based algorithms in the field of object recognition has showcased their remarkable ability to model global dependencies. This has prompted the exploration of transformers in visual object tracking [39]. Initially, some tracking frameworks integrated attention mechanisms or transformers for feature extraction or fusion. For example, TransT [10] developed two attention-based modules to facilitate feature interaction, while STARK [37] employed a transformer structure as a fusion module.



Subsequently, the rising popularity of transformers has led to the development of trackers [17,40] that adopt a transformer as their backbone. Moreover, a number of researchers have introduced fully transformer-based tracking frameworks [15,41] that unify feature extraction and fusion processes, significantly enhancing overall tracking performance.




2.3. Tracking Combining Spatio-Temporal Information


In the field of visual object tracking, spatio-temporal information is key to capturing changes in target states and motion trends. Numerous studies [17,42,43,44,45] have explored how to leverage spatio-temporal information to enhance the performance of tracking algorithms. A core strategy is updating the target’s appearance representation, using dynamic templates [17,42,43] to adapt to changes in the target’s appearance, thereby improving the matching accuracy between the template and the search area. Additionally, some researchers [40,46] have focused on learning features that can describe the target’s historical state or motion information to enhance the model’s predictive capabilities. Beyond updating appearance representation, another significant research direction is the integration of historical appearance information. UpdateNet [47] considers a set of historical appearances to estimate the optimal template for the next frame, which has improved tracking accuracy to some extent but relies on artificially designed rules, and the potential of spatio-temporal information is far from being fully explored.



Recently, TCTrack [11] and TCTrack++ [48] have begun to focus on temporal context in aerial tracking, further exploring the application of adaptive temporal information in feature extraction and similarity map refinement to enhance tracking accuracy. ARTrack [45] predicts the current coordinates based on historical coordinates in an autoregressive manner, further exploring the utilization of spatio-temporal information. Although these methods have made some progress in capturing spatio-temporal relationships between frames, they typically rely on complex network structures, leading to higher computational complexity. STARK [37] proposes a simple and gradient-free mechanism that simplifies the process by concatenating the initial template with a new one, but its application during the training phase may significantly increase the demand for computational resources. Therefore, there is still a lot of room for research in the utilization of spatio-temporal information, especially in how to more effectively integrate and utilize spatio-temporal information and how to improve tracking performance while maintaining algorithmic efficiency.





3. The Proposed Method


In this section, we provide a detailed exposition of our proposed tracker, termed NT-Track. We begin with a brief overview of our spatio-temporal tracking framework. Subsequently, we delve into the specific components of our model, including the spatial neighborhood feature extraction module and the spatio-temporal information fusion module. Finally, we introduce the head network and loss function utilized within the tracker. An overview of this framework is illustrated in Figure 2.



3.1. Overview


The framework takes the object template   Z ∈  R  3 ×  H z  ×  W z     , the search image at time t  X ∈  R  3 ×  H x  ×  W x     , and the search image at time   t − 1     X ¯  ∈  R  3 ×  H  x ¯   ×  W  x ¯       as inputs. These images are divided into patches of size   P × P   and then transformed into a feature representation that the model can process through an embedding layer. This division results in the generation of    P z  =  (  H z  ×  W z  )  /  P 2   ,    P x  =  (  H x  ×  W x  )  /  P 2   , and    P  X ¯   =  (  H  x ¯   ×  W  x ¯   )  /  P 2    patches for the template and search images, where    H z  ,  W z  ,  H x  ,  W x  ,  H  x ¯   ,  W  x ¯     represent the heights and widths of the template and search images, respectively. The patch embedding converts the input data into a set of K feature tokens, denoted as    t  1 : K   ( 0 )   = φ  ( Z , X )  ∈  R  K × D    . Here,  φ  represents the embedding function that maps the input matrices Z and X to a sequence of tokens   t  1 : K   ( 0 )   , with each token having a dimension of D. Subsequently, in each transformer block of the m-th layer, denoted as   δ  ( m )   , the tokens received from the previous layer   ( m − 1 )   are further processed. The transformation of tokens between layers is defined by the recursive application of the transformer block:    t  1 : K   ( m )   =  δ  ( m )    (  t  1 : K   ( m − 1 )   )   . This recursive transformation allows the model to iteratively refine the feature representation, capturing increasingly complex patterns and dependencies within the data as it processes through multiple layers of the transformer architecture.



The ViT backbone network processes image patches through transformer blocks and incorporates a spatial neighborhood feature extraction module to focus on the neighborhood features of each frame, maintaining continuous focus on the target across frames. Additionally, the spatio-temporal fusion module integrates information from consecutive frames, enhancing the accuracy and robustness of tracking. Ultimately, the features extracted by the backbone network are fed into the prediction head to generate tracking results. During training, the framework processes the template image (i.e., Z) and the two consecutive search images (i.e., X and   X ¯  ), achieving precise tracking of consecutive frames through the spatial neighborhood feature extraction module and the spatio-temporal fusion module. This single-stream framework provides an effective solution for real-time video analysis, demonstrating the application potential of ViT in video processing. Detailed descriptions of these components will be elaborated in the following subsections.




3.2. Spatial Model


Considering the limited movement of targets between consecutive frames in video sequences, this paper proposes a neighborhood feature extraction module aimed at enhancing the capability of capturing local contextual information when the target movement is minimal. The module generates a set of neighborhood feature maps by scanning different locations of the input feature map   M input  , and concatenates them along the channel dimension, as shown in the dashed box in Figure 2. Specifically, an empty list   L search   is defined to store the concatenated feature maps; a series of neighborhood coordinates are generated based on the neighborhood distance parameter   D n  . For each neighborhood coordinate   ( d x , d y )  , the corresponding features are extracted from   M input   and copied to an all-zero tensor T, and the feature transformation function   f trans   is used to process the concatenated features to enhance their representational power.



Assume the dimensions of the input feature map   M input   are   [ N , C , H , W ]  , where N is the batch size, C is the number of channels, and H and W are the height and width of the feature map, respectively. For each neighborhood coordinate   ( d x , d y )  , the generated neighborhood feature map   m output   can be represented as follows:


   m output   ( i , j , k , l )  =       M input   ( i , j , k + d x , l + d y )      if  0 ≤ k + d x < H  and  0 ≤ l + d y < W      0    otherwise .       



(1)







Subsequently, all neighborhood feature maps   m output   are concatenated into a feature map   M output   with dimensions   [ N , C ×   ( 2 ×  D n  + 1 )  2  , H , W ]  .   M output   is then passed to the feature transformation function   f trans  , which performs linear transformations and feature fusion on the neighborhood features extracted from the target feature map. The overall process can be represented as    M output  =  f trans   ( concat  (  m  output  1  ,  m  output  2  , … ,  m  output  k  )  )   . Here, concat denotes the concatenation operation along the channel dimension. This neighborhood feature extraction module is capable of capturing more contextual information, effectively enhancing the local representational power of the features.




3.3. Spatio-Temporal Fusion Block


To address challenges such as object motion and interference, this paper introduces a spatio-temporal fusion module, which takes the spatial features of frames at times t and   t − 1   as inputs. It employs transformer-based transformation blocks that leverage the multi-head self-attention mechanism to integrate spatio-temporal information. Building on this, the architecture of the module is depicted in Figure 3. Specifically, the self-attention mechanism allows the model to learn feature representations in parallel across multiple subspaces, and its computational process can be represented as follows:


  Attention  ( Q , K , V )  = softmax     Q  K T     d k      V ,  



(2)




where Q, K, and V represent the query, key, and value matrices, respectively, and   d k   is the square root of the dimension of the key, used to scale the result of the dot product to prevent the vanishing gradient problem during training. The self-attention mechanism emphasizes important features by assigning weights to them. Each transformation block is followed by a feed-forward network consisting of two linear layers and a GELU activation function, enhancing the nonlinear representation of features.



To ensure feature stability and trainability, the output of each Transformer block is processed through layer normalization, reducing internal covariate shifting, accelerating training, and improving convergence. The transformation block also uses residual connections to alleviate the vanishing gradient problem in deep networks, which can be represented as   LN ( x + Sublayer ( x ) )  . Here, x is the input, and   Sublayer ( x )   denotes the self-attention layer and the feed-forward network. The spatio-temporal fusion module generates feature representations with spatio-temporal coherence, providing strong feature support for subsequent object tracking.




3.4. Prediction Head and Loss Function


Building upon the corner detection methodologies introduced by [15,17], our approach employs a prediction head H, which consists of multiple Convolution–Batch Normalization–ReLU layers, to directly predict the bounding box of the object. The output feature map is first converted into a 2D spatial feature map, which is then processed by the prediction head to produce local offsets   o ∈   [ 0 , 1 ]   2 ×    H x  P   ×    W x  P      , normalized bounding box dimensions   s ∈   [ 0 , 1 ]   2 ×    H x  P   ×    W x  P      , and classification scores   p ∈   [ 0 , 1 ]      H x  P   ×    W x  P      . The initial localization of the target position is achieved by identifying the location with the highest classification score, that is,    (  x c  ,  y c  )  =  argmax  ( x , y )   p  ( x , y )   . The final bounding box is determined by the predicted offsets and dimensions, i.e.,    {  (  x t  ,  y t  )  ;  ( w , h )  }  =  {  (  x c  ,  y c  )  + o  (  x c  ,  y c  )  ; s  (  x c  ,  y c  )  }   .



During the training process, we adopt the weighted focal loss [49] to address object classification challenges. This loss function mitigates class imbalance by assigning higher weights to samples that are more difficult to classify, with its calculation expressed as follows:


   L  c l s   = − α   ( 1 −  p t  )  γ  log  (  p t  )  ,  



(3)




where   p t   denotes the model’s predicted probability for the target class,  α  is a weighting factor that balances the influence of positive and negative samples, and  γ  is a modulating factor that adjusts the weight of well-classified samples.



For bounding box regression, we utilize   L 1   loss and Generalized Intersection over Union (  G I o U  ) loss [50]. The   L 1   loss measures the absolute difference between predicted and true values, formulated as follows:


   L  L 1   =  ∑  i = 1  n   |  y i  −   y ^  i  |  ,  



(4)




where   y i   and    y ^  i   represent the true and predicted values, respectively, and n is the total number of predictions. The GIoU loss assesses the overlap between two bounding boxes, taking into account both their intersection and union, with the formula defined as follows:


   L  G I o U   = IoU −    C − U   G − U    ,  



(5)




where IoU is the ratio of intersection to union, C denotes the smallest enclosing region of the two bounding boxes, U is their intersection, and G is their union.



Furthermore, to diminish the model’s focus on background features, we introduce background suppression loss, defined as follows:


   L  b g   =   1 N    ∑  i = 1  N    ∥  f i  ∥  2  ,  



(6)




where   f i   is obtained by flattening all channel features of the i-th sample in the search region feature map F, and    ∥ · ∥  2   signifies the L2 norm.



The comprehensive loss function integrates all the aforementioned losses, defined as follows:


   L  o v e r a l l   =  L  c l s   +  λ  L 1    L  L 1   +  λ  i o u    L  G I o U   +  λ  b g    L  b g   .  



(7)







In our experiments, the regularization parameters   λ  L 1   ,   λ  i o u   , and   λ  b g    are set to 5, 2, and 0.00001, respectively, to balance the contributions of different loss components.





4. Experiments


In this section, we conduct a comprehensive evaluation of the proposed tracking methodology, which involves testing on renowned aerial tracking benchmark datasets: UAV123 [51], UAV123@10fps [51], VisDrone2018 [29], and UAVDT [52]. To ensure the accuracy and comparability of the assessment, all experiments are performed on a personal computer equipped with an Intel Core i9-10850K processor (3.6 GHz), 16 GB of RAM, and an NVIDIA TITANX GPU. They are sourced from Santa Clara, California, USA. We compare 34 state-of-the-art trackers, categorized into two groups: lightweight trackers, including [3,11,30,31,34,35,53,54,55,56,57,58,59,60,61,62,63], and deep learning trackers, comprising [9,10,15,23,42,64,65,66,67,68,69,70,71,72]. This categorization allows for a clear and structured comparison of the performance of the proposed method against existing top-tier tracking algorithms.



4.1. Implementation Details


Model. Our approach utilizes the Vision Transformer (ViT) as the backbone, with the head constructed by stacking multiple convolutional–batch normalization–ReLU layers. The search image and the template image are, respectively, configured to be 256 × 256 and 128 × 128 in size.



Training. To ensure consistency and comparability, we employ a unified training regimen. The training datasets from GOT-10k [73], LaSOT [74], COCO [75], and TrackingNet [76] are utilized. In the model training process, the AdamW optimizer [77] is used, with weight decay set to   10  − 4   . The batch size is standardized to 32, and the initial learning rate is set at   4 ×  10  − 5    . Training is carried out over 300 epochs, with each epoch processing 60,000 pairs of images. We maintain the initial learning rate for the first 240 epochs, after which the learning rate is decreased by a factor of 10 to fine-tune the model’s parameter adjustments.



Inference. During the inference phase, we adhere to a common practice of integrating positional prior knowledge to enhance tracking accuracy by employing a Hanning window penalty [78]. Specifically, we initially apply a Hanning window of the same dimensions as the classification map P to the classification map. This step serves to emphasize the significance of the central region while suppressing the influence of the peripheral areas. Subsequently, the region with the highest score from the resulting image after the multiplication operation is selected as the tracking outcome.




4.2. Evaluation Benchmarks and Metrics


In the experimental evaluation phase, four benchmark datasets that are widely recognized in the domain of aerial tracking and their corresponding metrics are applied, including UAVDT [52], VisDrone2018 [29], UAV123 [51], and UAV123@10fps [51].



4.2.1. Datasets


UAVDT [52] is primarily designed for vehicle tracking under various weather conditions, flight altitudes, and camera perspectives. VisDrone2018 [29] originates from the Single-Object Tracking Challenge held in conjunction with the European Conference on Computer Vision (ECCV2018), focusing on assessing the performance of tracking algorithms on aerial platforms. UAV123 [51] is a large-scale aerial tracking dataset comprising 123 challenging sequences with over 112K frames. UAV123@10fps [51] is a version of the UAV123 benchmark downsampled from 30FPS to 10FPS, created to study the effects of camera frame rate on tracking performance.




4.2.2. Metrics


In this work, the evaluation metrics employed include both precision and success rate, which are standard criteria used to assess the performance of trackers.



Precision. Precision serves as a prevalent metric for evaluation in tracking research. It assesses the accuracy of tracking by determining the mean Euclidean distance between the centroid of the tracked object and its actual position. This approach yields an average error across all frames within a sequence. However, should the tracker fail to maintain acquisition of the target, the error could devolve into randomness, thereby diminishing the reliability of the mean value. To counteract this, the precision plot compares the tracker’s estimated position against the ground truth within a specified threshold. In our assessment, we utilize a precision score with a 20-pixel threshold.



Success rate. As an alternative metric for assessing tracking performance, the success rate focuses on the degree of overlap between bounding boxes. Given the bounding box   r t   obtained from tracking and the ground truth bounding box   r a  , the overlap score S is defined as the ratio of the number of pixels in the intersection to the union of the two regions, mathematically expressed as   S =     r t  ∩  r a     r t  ∪  r a      . Here, ∩ denotes the intersection, ∪ signifies the union, and   | · |   represents the total number of pixels within the area. By tabulating the number of frames where the overlap score S exceeds a specific threshold across a sequence of frames, the performance of the tracking algorithm over consecutive frames can be evaluated. The success rate particularly illustrates the proportion of successful frames relative to the total number of frames at various threshold levels ranging from 0 to 1. This visualization serves as an intuitive representation of the tracking algorithm’s performance across different overlap threshold settings.





4.3. Comparison with Lightweight Trackers


In this section, we compare our proposed NT-Track against 17 existing lightweight trackers across four standard aerial tracking benchmarks.



In Table 1, we present the evaluation results of NT-Track against other lightweight trackers. NT-Track demonstrates exceptional performance in terms of the precision and success metrics across the benchmark tests. Specifically, on VisDrone2018 [29], NT-Track leads with an impressive precision of 90.0% and a success rate of 68.2%, outperforming the rest of the contenders by significant margins of 3.9% and 2.9%, respectively. This achievement underscores NT-Track’s superiority in tackling challenging tracking scenarios, especially those characterized by substantial changes in target size, frequent occlusions, and complex backgrounds. On UAV123 [51], NT-Track again distinguishes itself with the highest precision among all trackers, showcasing its consistent tracking capability under varying environmental conditions. While NT-Track does not secure the top spot in the UAVDT [52] and UAV123@10fps [51], its results are in close contention with top-performing trackers such as Aba-ViTrack [34] and AVTrack [35], indicating a high level of competitiveness. When compared to other trackers that also harness spatio-temporal information, like AutoTrack [30] and STARK [37], NT-Track exhibits a more pronounced performance improvement. AutoTrack [30], for instance, records a precision of 71.8% and a success rate of 45.0% on the UAVDT dataset, lagging behind NT-Track by 10.8% and 14.4% in precision and success rate, respectively. STARK [37], despite claiming the top position on UAV123@10fps [51] with a precision of 86.7% and a success rate of 68.9%, falls short when considering the aggregate performance across all benchmarks. NT-Track’s overall precision stands at 86.1% and its success rate at 64.7%, which is superior, highlighting its enhanced efficiency and accuracy in capturing the spatio-temporal characteristics of targets, particularly in high-speed motion and complex scenarios. Moreover, the design of NT-Track enables it to directly predict accurate bounding boxes as tracking outcomes, eliminating the need for post-processing steps that are sensitive to hyperparameters, thus offering greater stability and reliability in practical applications. In contrast, while STARK [37] performs well in certain specific datasets, NT-Track’s comprehensive performance edge renders it a more versatile and dependable tracking solution.




4.4. Comparison with Deep Trackers


We also compare our proposed NT-Track with 17 state-of-the-art deep trackers, namely ROMTrack [64], SeqTrack [42], MAT [65], SparseTT [66], SLT-TrDiMP [67], OSTrack [15], SLT-TransT [67], ToMP [68], AutoMatch [69], KeepTrack [70], TransT [10], TrSiam [71], PrDiMP18 [72], PrDiMP50 [72], SiamRPN++ [9], DiMP18 [23], and DiMP50 [23], with the results presented in Table 2. This table displays the precision (Prec.), success rate (Succ.), and GPU speed of NT-Track and competitive deep trackers on VisDrone2018 [29]. Notably, our NT-Track stands out with the highest precision and success rate, as well as the fastest GPU speed, indicating that our method can outperform some deep trackers in terms of both accuracy and speed. Although several deep trackers, such as ROMTrack [64], SeqTrack [42], and TransT [10], are comparable to our proposed tracker in terms of precision, their GPU speeds are significantly lower. For instance, our method is more than 2 times faster than ROMTrack [64] and over 10 times faster than SeqTrack [42].




4.5. Tracking Efficiency and Real-World Test


Regarding model parameters and computational load, we evaluate five advanced trackers, as shown in Table 3. The NT-Track possesses 9.1M parameters with 2.2 MACs. Compared to the state-of-the-art transformer-based tracker Aba-ViTrack [34], although NT-Track has an increase of 1.1 million parameters, it achieves a reduction of 0.4 MACs. Furthermore, the running results on the NVIDIA TitanX GPU demonstrate that NT-Track operates 69% faster than Aba-ViTrack [34], reaching a frame rate of 132 frames per second, thereby attesting to the efficiency of the proposed NT-Track tracker.



Furthermore, to comprehensively evaluate the operational efficiency of our proposed method, NT-Track, on aerial platforms, we conduct practical tests. The UAV platform we utilize is based on the DJI Phantom 4, equipped with an NVIDIA Jetson AGX to provide robust computational power. The key flight parameters of the UAV include a maximum flight speed of 20 m per second (in sport mode), a flight ceiling of up to 6000 m, and hovering accuracy of ±0.1 m in the vertical direction and ±0.3 m in the horizontal direction when visual positioning is functioning properly. Under non-ideal conditions, the hovering accuracy is ±0.5 m vertically and ±1.5 m horizontally. Regarding camera specifications, the UAV is fitted with a lens that has a FOV of 94° and a 20 mm focal length (equivalent to a 35 mm format) with an f/2.8 aperture. It features a 1/2.3-inch CMOS sensor with an effective pixel count of 12.4 million. The shutter speed ranges from 8 s to 1/8000 s, and the ISO range is 100–3200 for video mode and 100–1600 for photo mode. The UAV supports storage card types of FAT32 (up to 32 GB) and exFAT (over 32 GB), with a maximum MicroSD card capacity of 64 GB, requiring a transfer speed of Class 10 or higher, or UHS-1 rated. Additionally, the UAV is capable of high-definition recording at 4K (30 fps) and 1080p (120 fps). NT-Track achieves an average tracking speed of 37.6 frames per second without TensorRT acceleration, with the GPU and CPU utilization rates standing at 29.3% and 19.7%, respectively. This further demonstrates its stability and efficiency in real-world applications. To test the adaptability of NT-Track across various computational environments, it is also tested on a mini PC with an Intel NUC featuring an i5-1135G7 processor and 16 GB of RAM, where it attains a CPU speed of 42.3 frames per second. This indicates its broad applicability across a range of hardware configurations.




4.6. Ablation Study


To validate the effectiveness of our framework, this section presents a comprehensive ablation study.



4.6.1. Study on Weighting the Proposed Background Suppression Loss


To observe how the weight   λ  b g    of the background suppression loss   L  b g    impacts performance, we train NT-Track with   λ  b g    ranging from 0 to   1 ×  10  − 4    , with an increment of   0.1 ×  10  − 4    , and evaluate it on VisDrone2018 [29]. The precision and success rate are displayed in Table 4. It can be seen that when    λ  b g   = 0.1 ×  10  − 4    , both precision and success rate exhibit the best performance. We observe that the maximum differences in precision and success rate are 10.2% and 7.7%, respectively, indicating that the weight   λ  b g    significantly affects tracking performance. As the weight factor varies, both precision (Prec.) and success rate (Succ.) experience certain fluctuations. It is noteworthy that when    λ  b g   = 1 ×  10  − 4    , precision and success rate reach the second-highest points, suggesting that when appropriately weighted, the proposed background suppression loss can lead to improved tracking performance; otherwise, it may adversely affect the training of the tracking task.




4.6.2. Study on Quantity of Neighborhood Features


We investigate the impact of the quantity of neighborhood features N within the spatial module on the tracking system’s performance on VisDrone2018 [29], with the ablation study results presented in Table 5. The study evaluates the effects of N values ranging from 3 to 9 on precision (Prec.) and success rate (Succ.). It is observed that both precision and success rate exhibit an initial increase followed by a decrease as N increases. Precision peaks at 90.0% when N is set to 5, indicating that incorporating five neighborhood features within the spatial module provides an optimal balance for tracking accuracy. However, as N exceeds 5 and continues to rise, precision slightly decreases, dropping to 82.0% when N reaches 9. This trend suggests that while a higher number of features can enhance tracking accuracy to a certain extent, an excess of features may introduce unnecessary complexity or noise, potentially diminishing the model’s precision.




4.6.3. Study on Neighborhood Distance Parameter   D n  


The ablation study presented in Table 6 investigates the impact of the neighborhood distance parameter   D n   on the performance of the spatial module, across a range from 0 to 9, using VisDrone2018 [29]. The precision peaks at    D n  = 1   with a score of 90.0, suggesting that a smaller neighborhood distance parameter initially leads to more accurate tracking. However, a slight decrease in precision is noticed when   D n   is increased. This indicates that while a moderate neighborhood distance can maintain high precision, too large a distance might lead to a loss in tracking accuracy. Conversely, the success rate shows a different trend, peaking at a score of 68.2 when    D n  = 1  . As the parameter   D n   increases, there is a rise in the success rate, reflecting the potential benefits of a broader spatial context in tracking. Nevertheless, there is a subsequent drop in success rate when   D n   reaches 9. This indicates that an excessively large neighborhood distance might introduce too much noise or irrelevant information, thus negatively affecting the tracking performance.





4.7. Qualitative Results


The qualitative tracking results of NT-Track alongside seven state-of-the-art tracking algorithms on a range of challenging video sequences are shown in Figure 4. It is apparent that our tracker, NT-Track, is the only one that successfully tracks all targets in the challenging examples. These examples encompass a variety of difficulties, such as pose variations present across all sequences, background clutter observed in Animal1 and uav000088_0000_s, and scale variations included in bike1. Within these complex scenarios, our tracker exhibits superior performance and achieves more satisfactory outcomes, further confirming the effectiveness of our proposed UAV tracking method.



Figure 5 provides a comparative analysis of attention maps generated by two tracking algorithms across various scenarios. The first two columns demonstrate that our method effectively mitigates the influence of the background, concentrating its attention on the targets with higher precision. The third column highlights the robustness of NT-Track in scenarios involving occlusions. NT-Track demonstrates an enhanced capability to identify and track the target despite obstructions, reducing the likelihood of tracking drift compared to TCTrack. Lastly, the fourth column illustrates that NT-Track leverages spatial neighborhood features to maintain a consistent focus on the target, even amidst distractions from other objects. This is in contrast to TCTrack, which might struggle with similar distractions, potentially leading to less accurate tracking.





5. Conclusions


In this paper, we propose NT-Track, a novel UAV tracking framework that effectively integrates spatial and temporal information for real-time tracking applications. Our spatial neighborhood feature extraction module demonstrates the significance of contextual information in maintaining tracking accuracy and robustness. Furthermore, we develop a spatio-temporal feature fusion method that effectively utilizes contextual information from consecutive frames, adding a crucial temporal dimension to the tracking process. This enhancement proves particularly valuable in challenging scenarios such as occlusions and varying illumination conditions, where traditional tracking methods typically struggle. Our experimental results demonstrate that NT-Track achieves state-of-the-art performance on multiple challenging benchmarks, including a breakthrough precision rate of 90% on VisDrone2018. Our work advances the field of UAV tracking by effectively balancing accuracy and efficiency, making it particularly suitable for real-world applications with limited computational resources. Future work can focus on further optimizing the computational efficiency of temporal fusion processes and exploring additional approaches to leverage contextual information in challenging tracking scenarios.
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Figure 1. Comparison on VisDrone2018 [29]. Compared with the state-of-the-art UAV tracking algorithms, our NT-Track sets a new record with an accuracy of 0.864 while still operating efficiently at around 112 fps. 
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Figure 2. An overview of our proposed NT-Track’s framework, consisting of a single-stream backbone and a prediction head. Incorporated within are the spatial module and the spatio-temporal fusion module that we proposed, enabling efficient tracking of targets within video sequences. 
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Figure 3. Illustration of the Spatio-Temporal Fusion Block. This block integrates spatial features from consecutive frames, denoted by blue and orange tokens, using a transformer-based architecture. 






Figure 3. Illustration of the Spatio-Temporal Fusion Block. This block integrates spatial features from consecutive frames, denoted by blue and orange tokens, using a transformer-based architecture.



[image: Drones 09 00068 g003]







[image: Drones 09 00068 g004] 





Figure 4. The qualitative evaluation results are presented on three video sequences from UAV123 [51], UAV123@10fps [51], and VisDrone2018 [29] (i.e., truck2, bike1, and uav000088_0000_s). The numbers in the top left corner of the images indicate the frame numbers within a video sequence. 
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Figure 5. For each group, the original images of targets are shown at the top of the figure, with red rectangles highlighting the targets within these images that the tracking algorithms are focusing on. Subsequently, the middle row illustrates the attention maps generated by TCTrack, while the bottom row displays those generated from our NT-Track. 
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Table 1. The comparison results of NT-Track with lightweight trackers on UAVDT [52], VisDrone2018 [29], UAV123 [51], and UAV123@10fps [51] in terms of precision (Prec.) and success rate (Succ.) are presented. ViT, CNN, and DCF are abbreviations for Vision Transformer, Convolutional Neural Network, and Discriminative Correlation Filter, respectively. Please note that the percentage symbol (%) is not included in the values for Prec. and Succ. Red, blue, and green indicate the first, second, and third place, respectively.
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Method

	
Tracker

	
Source

	
UAVDT

	
VisDrone2018

	
UAV123

	
UAV123@10fps

	
Avg.




	
Prec.

	
Succ.

	
Prec.

	
Succ.

	
Prec.

	
Succ.

	
Prec.

	
Succ.

	
Prec.

	
Succ.






	
ViT

	
NT-Track

	
Ours

	
82.6

	
59.4

	
90.0

	
68.2

	
87.0

	
66.1

	
85.0

	
65.1

	
86.2

	
64.7




	
STARK [37]

	
CVPR 2021

	
62.9

	
47.6

	
74.5

	
57.6

	
86.7

	
66.1

	
86.8

	
68.9

	
77.7

	
60.0




	
Aba-ViTrack [34]

	
ICCV 2023

	
83.4

	
59.9

	
86.1

	
65.3

	
86.4

	
66.4

	
84.9

	
65.5

	
85.2

	
64.3




	
AVTrack [35]

	
ICLM 2024

	
82.1

	
58.7

	
86.0

	
65.3

	
84.7

	
66.8

	
83.2

	
65.8

	
84.0

	
64.2




	
SMAT [53]

	
WACV 2024

	
80.8

	
58.7

	
82.5

	
63.4

	
81.8

	
64.6

	
80.4

	
63.5

	
81.5

	
62.8




	
CNN

	
HiFT [54]

	
ICCV 2021

	
65.2

	
47.5

	
71.9

	
52.6

	
78.7

	
59.0

	
74.9

	
57.0

	
74.2

	
55.1




	
TCTrack [11]

	
CVPR 2022

	
72.5

	
53.0

	
79.9

	
59.4

	
80.0

	
60.5

	
78.0

	
59.9

	
78.3

	
59.0




	
UDAT [55]

	
CVPR 2022

	
80.1

	
59.2

	
81.6

	
61.9

	
76.1

	
59.0

	
77.8

	
58.5

	
79.2

	
60.1




	
SGDViT [56]

	
ICRA 2023

	
65.7

	
48.0

	
72.1

	
52.1

	
75.4

	
59.5

	
86.3

	
66.1

	
75.6

	
56.8




	
P-SiamFC++ [57]

	
ICME 2022

	
80.7

	
55.6

	
80.1

	
58.5

	
74.5

	
48.9

	
73.1

	
54.9

	
77.7

	
55.7




	
ABDNet [58]

	
RAL 2023

	
75.5

	
55.3

	
75.0

	
57.2

	
79.3

	
60.7

	
77.3

	
59.1

	
76.7

	
59.1




	
DRCI [59]

	
ICME 2023

	
84.0

	
59.0

	
83.4

	
60.0

	
76.7

	
59.7

	
73.6

	
55.2

	
79.8

	
59.1




	
DCF

	
KCF [3]

	
TPAMI 2015

	
57.1

	
29.0

	
68.5

	
41.3

	
52.3

	
33.1

	
40.6

	
26.5

	
53.1

	
31.6




	
ARCF [31]

	
ICCV 2019

	
72.0

	
45.8

	
79.7

	
58.4

	
64.0

	
39.9

	
66.6

	
47.3

	
70.3

	
47.7




	
fDSST [60]

	
TPAMI 2017

	
66.6

	
38.3

	
69.8

	
51.0

	
58.3

	
40.5

	
51.6

	
37.9

	
60.0

	
40.7




	
ECO_HC [61]

	
CVPR 2017

	
69.4

	
41.6

	
80.8

	
58.1

	
71.0

	
49.6

	
64.0

	
46.8

	
69.7

	
48.2




	
MCCT_H [62]

	
CVPR 2018

	
66.8

	
40.2

	
80.3

	
56.7

	
65.9

	
45.7

	
59.6

	
43.4

	
66.6

	
45.3




	
AutoTrack [30]

	
CVPR 2020

	
71.8

	
45.0

	
78.8

	
57.3

	
68.9

	
47.2

	
67.1

	
47.7

	
71.6

	
49.0




	
RACF [63]

	
PR 2020

	
77.3

	
49.4

	
83.4

	
60.0

	
70.2

	
47.7

	
69.4

	
48.6

	
74.6

	
51.4











 





Table 2. The comparison results of the proposed NT-Track with state-of-the-art deep trackers on VisDrone2018 [29] in terms of precision (Prec.), success rate (Succ.), and GPU speed are presented. Red, blue, and green indicate the first, second, and third place, respectively.
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	Tracker
	Prec.
	Succ.
	FPS
	Tracker
	Prec.
	Succ.
	FPS





	NT-Track(Ours)
	90.0
	68.2
	112.3
	AutoMatch [69]
	78.1
	59.6
	62.1



	ROMTrack [64]
	86.3
	66.7
	51.1
	KeepTrack [70]
	84.0
	63.5
	18.7



	SeqTrack [42]
	85.3
	65.8
	11.0
	TransT [10]
	85.9
	65.2
	51.7



	MAT [65]
	81.6
	62.2
	71.2
	TrSiam [71]
	84.7
	64.0
	32.8



	SparseTT [66]
	81.4
	62.1
	28.3
	PrDiMP18 [72]
	79.8
	60.2
	54.7



	SLT-TrDiMP [67]
	85.1
	63.6
	27.3
	PrDiMP50 [72]
	79.4
	59.7
	41.3



	OSTrack [15]
	84.2
	64.8
	66.0
	SiamRPN++ [9]
	79.1
	60.0
	55.1



	SLT-TransT [67]
	85.6
	65.3
	29.5
	DiMP18 [23]
	76.4
	57.5
	72.9



	ToMP [68]
	84.1
	64.4
	21.6
	DiMP50 [23]
	83.5
	63.0
	52.0










 





Table 3. The comparison of the proposed NT-Track with state-of-the-art trackers in terms of tracking efficiency is presented.
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	Method
	Source
	Speed
	Param
	MACs





	HiFT [54]
	ICCV 2021
	174 fps
	10.0 M
	6.5 G



	LighTrack [79]
	CVPR 2021
	91 fps
	2.0 M
	544.5 M



	TCTrack [11]
	CVPR 2022
	207 fps
	6.3 M
	4.5 G



	TCTrack++ [48]
	TPAMI 2023
	196 fps
	7.1 M
	4.4 G



	Aba-ViTrack [34]
	ICCV 2023
	78 fps
	8.0 M
	2.4 G



	NT-Track
	Ours
	132 fps
	9.1 M
	2.0 G










 





Table 4. Ablation study of weighting the background suppression loss   L  b g    on VisDrone2018 [29] with   λ  b g    ranging from 0 to   1 ×  10  − 4    . Note that   ×  10  − 4     is omitted for simplicity. The evaluation metrics of precision and success rate are represented by Prec. and Succ. respectively. Red, blue, and green indicate the first, second, and third place, respectively.
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	    λ  b g     
	0
	0.1
	0.2
	0.3
	0.4
	0.5
	0.6
	0.7
	0.8
	0.9
	1





	Prec.
	83.8
	90.0
	83.6
	85.1
	79.8
	85.2
	82.9
	84.2
	83.2
	83.6
	85.9



	Succ.
	63.9
	68.2
	63.7
	64.5
	60.5
	64.4
	63.1
	63.8
	63.7
	63.6
	65.3










 





Table 5. The ablation study on the weighting of the number of neighborhood features within the spatial module, with N ranging from 3 to 9, on VisDrone2018 [29]. The evaluation metrics of precision and success rate are represented by Prec. and Succ. respectively. Red, blue, and green indicate the first, second, and third place, respectively.
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	N
	3
	4
	5
	6
	7
	8
	9





	Prec.
	82.8
	84.3
	90.0
	83.2
	85.9
	86.1
	82.0



	Succ.
	62.5
	63.2
	68.2
	63.8
	65.3
	66.1
	62.4










 





Table 6. The ablation study on the weighting of the neighborhood distance parameter   D n   within the spatial module, with   D n   ranging from 0 to 9, on VisDrone2018 [29]. The evaluation metrics of precision and success rate are represented by Prec. and Succ. respectively. Red, blue, and green indicate the first, second, and third place, respectively.
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	    D n    
	0
	1
	2
	3
	4
	5
	6
	7
	8
	9





	Prec.
	81.3
	90.0
	84.2
	85.1
	79.7
	85.5
	80.3
	85.5
	85.9
	78.8



	Succ.
	60.1
	68.2
	63.2
	64.3
	59.9
	64.1
	63.7
	64.8
	64.7
	59.7
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